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SAR86 is an abundant and ubiquitous heterotroph in the surface ocean that plays a central 23 role in the function of marine ecosystems. We hypothesized that despite its ubiquity, different 24 SAR86 subgroups may be endemic to specific ocean regions and functionally specialized for 25 unique marine environments. However, the global biogeographical distributions of SAR86 26 genes, and the manner in which these distributions correlate with marine environments, have not 27 been investigated. We quantified SAR86 gene content across globally-distributed metagenomic 28 samples and modeled these gene distributions as a function of 51 environmental variables. We 29 identified five distinct clusters of genes within the SAR86 pangenome, each with a unique 30 geographic distribution associated with specific environmental characteristics. Gene clusters are 31 characterized by strong taxonomic enrichment of distinct SAR86 genomes and partial 32 assemblies, as well as differential enrichment of certain functional groups, suggesting differing 33 functional and ecological roles of SAR86 ecotypes. We then leveraged our models and high-34
Introduction 41
Marine microbes are important drivers of biogeochemical cycling and ecological function 42 function on environmental variables [5, 8, 9] . However, the complexity of microbial 45 communities and of their interactions with their environment limit our ability to link microbial 46 genetic and functional variation across environments [10] . Furthermore, we have only limited 47 understanding of the geographic distributions of genetic diversity within key taxa, the 48 relationship of gene distributions to environmental conditions, and the manner in which these 49 distributions may result in distinct ecotypes across different environments and regions. Our 50 limitations in mapping microbial genetic diversity to geographic distributions restrict our ability 51 to predict microbial ecotypes across the environment. Accurate models linking environmental 52 and microbial variables may improve our current ability to incorporate biological inputs into 53 ecosystem models, which often rely on simplified biological systems utilizing incomplete 54 environmental relationships or imprecise evaluations of the functional capabilities of microbial 55 communities at different locations [11, 12] . 56
In microbial ecology, an ecotype [13] is often identified in practice as a group of closely 57 related lineages that co-occur on the same spatial or temporal scale and are associated with 58 particular environmental conditions. This contrasts with the classical ecological definition, which 59 additionally specifies that an ecotype must be genotypically adapted to the environmental 60 conditions it is associated with [14] . In microbial ecology, where community members often lack 61 cultured representatives and experiments directly measuring adaptive capacity to manipulated 62 environmental conditions are challenging to conduct, adaptation is often difficult to demonstrate 63 
Materials & Methods
Environmental data curation and processing 122
In order to build models predicting SAR86 gene presence from environmental variables, 123 environmental data available at resolution between 9km to 1-degree and at global scale were 124 curated from a combination of contemporary satellite data and historical averages of satellite and 125 interpolated in situ measurements. A total of 51 environmental features were compiled (SI Table  126 1, Supplemental Text 1.4). Normalized environmental feature values closest to each TARA site's 127 latitude, longitude, and, where relevant, sampling depth and/or sampling date (SI Table 2 SI Fig 3a) , with an F1 score of 0.83. For 179 21 264 out of 24 317 genes (87.4%), the models have accuracies in the test set that are an 180 improvement over the majority class accuracy -the accuracy of the model if it predicts 'always 181 absent' or 'always present', whichever is in the majority (SI Fig 3b) . 182
As an additional test of the robustness of the models, the accuracy of predictions at those 183 TARA sites that were not included in model development, where SAR86 was not present or were 184 in very low abundance, was also examined. There were 20 such sites for which environmental 185 data was available for all features. These 20 sites were primarily mesopelagic samples, 186 distributed across all ocean basins (Supplemental Text 1.5). Across these 20 sites, the average 187 accuracy of the gene models is 68.5%, while the median accuracy is 70.0%. While this 188 performance is below that achieved at sites where SAR86 was present, it suggests that our 189 models are able to make fairly accurate predictions even when extrapolating outside of the 190 distribution of gene presence used in training. The environmental features that best predict individual genes, and the strength of the 211 coefficients associated with any particular environmental feature, vary by the individual gene 212 model. However, there are apparent patterns among genes, with some groups of genes appearing 213 to be predicted by similar environmental variables, as well as similar magnitudes and signs of the 214 coefficients associated with those variables. These patterns suggest that genes that are predicted 215 by similar environmental features occupy similar geographic distributions characterized by 216 unique environmental conditions. 217 K-means clustering of genes by their logistic regression environmental feature 218 coefficients identified five clusters within the SAR86 pangenome characterized by similar 219 environmental distributions (Fig 1) . The average environmental feature coefficient across all 220 genes in each cluster (the "centroid") demonstrates the distinct pattern of association with 221 environmental features of each cluster (SI Table 3 ). 222
Each TARA site contains genes from a mixture of clusters, but the dominant clusters and 223 the evenness of the proportion of each cluster is variable across sites (Fig 2, SI Fig 5, SI Table 4) . 224
For example, cluster 2 is strongly associated with longitudes in the western hemisphere, and this 225 is also reflected across TARA samples, for which cluster 2 is present in highest proportions for 226 those TARA sites sampled in the Pacific Ocean (Fig 2, SI Fig 5b) . In contrast, cluster 3 genes are 227 found in higher proportions at TARA sites sampled in the eastern hemisphere, reflecting their 228 predicted geographic distributions (Fig 2, SI Fig 5c) . 229 A Shannon diversity metric was used to measure the relative evenness and proportion of 230 the five clusters at each TARA site (SI Table 4 We next used the cluster centroids and global-scale environmental data to predict the geographic 237 distribution of each cluster beyond the TARA sampling locations (Fig 3) . These global 238 projections reveal the differential distributions of SAR86 gene clusters. These differential 239 distributions are reflected in variation across longitude (e.g. cluster 2 versus clusters 3 and 4), 240
latitude (e.g. clusters 1 and 5 versus clusters 2, 3, and 4), and season (e.g. cluster 1 , Fig 3) . In 241 each case, the highest magnitude coefficients for each cluster are suggestive of their predicted 242 geographic distributions (SI Table 3 , Supplemental Text 2.1). 243 244
Taxonomic enrichment & functional differentiation across clusters define SAR86 ecotypes 245
The cluster assignments of genes from the SAR86 reference genomes SAR86A and 246 SAR86E show clear partitioning on taxonomic lines. Genes from each genome are assigned 247 primarily to two clusters, and each cluster is dominated by one genome. SAR86A genes are 248 partitioned primarily into clusters 4 and 3, with 493 and 118 out of the 622 SAR86A genes 249 assigned to cluster 4 and 3 respectively, while only 4 and 7 genes were assigned to clusters 2 and 250 5, and 0 genes to cluster 1. The 157 SAR86E genes were partitioned into clusters 1 and 5, with 251 76 and 78 genes respectively, while only 2 and 1 genes were assigned to clusters 2 and 4, 252 respectively, and 0 genes to cluster 3. 253
Clusters also show clear taxonomic differentiation at the contig level. Those genes that do 254 not originate from one of the five SAR86 genomes constitute a total length of 22 Mbp 255 originating from 732 contigs from the SAR86 co-assembly. All clusters are significantly 256 enriched in specific contigs (p<0.001, Fig 4c) , with a unique set of contigs enriched on each 257
cluster. Genes from the same contig are generally assigned to the same cluster, such that gene 258 assignments of almost all contigs, 540 out of 732 contigs, are enriched on only one cluster, 183 259 contigs are enriched on only two clusters, and the remaining 9 contigs are enriched on 3 clusters 260 (Fig 4) . Where a contig is enriched, the enrichment is strong, with an average enrichment of 3.03 261 and a standard deviation of 0.43, and ranging from 1.41 in cluster 4 to 5.25 in cluster 2. 262
The taxonomic partitioning of clusters is also evident in their distribution across TARA 263 sites. First, the cluster proportions and the relative abundances of SAR86 genomes at TARA sites 264 reflect the taxonomic differentiation of genomes across clusters. The clusters associated with 265 SAR86A (clusters 3 and 4) are in higher proportions relative to the clusters associated with 266 SAR86E (clusters 1 and 5) at TARA sites where SAR86A abundances are higher relative to 267 SAR86E (SI Fig 6, Pearson R2 = 0.70, P=1.56x10-26). In addition to this genomic evidence, the 268 normalized read coverage across TARA sites for genes from the same cluster are more highly 269 correlated with one another than genes from different clusters ( SI Fig 7) , as would be expected if 270 genes belonging to the same cluster share a common taxonomic origin. This indicates that genes 271 from the same genome are assigned to the same cluster, although a single cluster may be made 272 up of genes from multiple genomes. Indeed, the 22Mbp of genomic material in the SAR86 co-273 assembly is enough for at least 11 genomes of size similar to that of known SAR86 reference 274 genomes, so multiple genomes are expected to be contained within the 5 identified clusters. 275
These clusters are thus composed of genes that co-occur with one another across similar 276 environmental contexts, and are taxonomically differentiated, but do not necessarily represent 277
individual SAR86 genomes. 278
In addition to taxonomic enrichment across clusters, there is also significant partitioning 279 of genes at the functional level, with differential enrichment of Pfam annotated genes across 280 clusters (Fig 5) . Pfams are enriched by an average value of 0.25 and a standard deviation of 0.10, 281 ranging from 0.13 in cluster 4 to 0.32 in cluster 2. This enrichment is significant (p<0.01) for 282 most of the clusters (Fig 5c) . This result suggests that clusters 1, 2, and 4 have significant 283 functional enrichment, while functional enrichment on cluster 3 is marginally significant. Genes 284 from a particular Pfam are most often assigned to only two or three clusters (Fig 5b) . While 285 functional enrichment in general is less strong than taxonomic enrichment, this may be due to the 286 relative coarseness of functional annotation compared to taxonomic assignments, and our 287 inability to annotate many genes with confidence. 288
Enrichment of specific Pfams corresponding to some ecologically important functions 289
indicate possible differentiation in ecological function between clusters. For example, glycosyl 290 hydrolase family 3 (Pfams PF00933, PF01915), which corresponds to exo-acting glucosidases, is 291 enriched across clusters 3, 4, and 5, and depleted in clusters 1 and 2, while glycosyl hydrolase 292 family 16 (Pfam PF00722), which corresponds to endo-acting glucanases, is enriched strongly on 293 cluster 3, depleted in clusters 1 and 2, and near the null value for clusters 4 and 5 ( SI Fig 8) . 294
Proteorhodopsin, a photoactive transmembrane proton pump first identified in bacteria in SAR86 295
[31] and used by SAR86 for photoheterotrophic ATP generation, is enriched in clusters 3 and 4, 296 and depleted in clusters 1, 2, and 5 (SI Fig 9) . 297 298
Discussion 299
While SAR86 is generally considered to be a ubiquitous heterotroph in the ocean, this 300 study demonstrates that SAR86 harbors immense within-species genetic diversity that is strongly 301 associated with environmental variables. These distinct environmental distributions of gene 302 clusters define a deeper geographic variability within the SAR86 clade than previously 303 appreciated. The three near-complete and two partial genomes available for SAR86 [25, 26 ] 304
show high diversity within this clade; average nucleotide identity between genomes is between 305 70-80% (SI Table 5 ). In light of this high diversity, it is perhaps not surprising that the 306 geographically variable genes in the SAR86 pangenome can be decomposed into five distinct 307 clusters with different geographic distributions associated with unique environmental variables. 308
These clusters are differentiated at the taxonomic and functional level, which has implications 309 for our understanding of the biogeography of SAR86, as well as its ecological role within 310 microbial communities in the marine environment. 311
Using a data intensive approach to build machine learning models of the relationship 312 between SAR86 genes and environmental variables at a global scale, we demonstrate how such 313 an approach can be used to better understand the factors shaping the biogeography of microbial 314
clades. This approach can reveal patterns that would likely be missed at the 16S OTU or 315 community level, or using data from a smaller scale. Particularly as metagenomics data become 316 increasingly available in the future, such an approach holds promise for illuminating the 317 relationship between microbial community structure and ecological function across broad 318 taxonomic and spatial scales. 319
The results of this study identify clusters of genes that, while their phylogenetic 320 relatedness is unknown, are taxonomically and functionally differentiated and occupy distinct 321 environmental distributions. While the functional traits that confer niche restriction within these 322 distributions is not obvious from our results, functional differentiation across clusters of glycosyl 323 hydrolases ( SI Fig 8) -an important class of enzymes for heterotrophic metabolism of 324 polysaccharides -and proteorhodopsin (SI Fig 9) of the SAR86 pangenome would be classified as 'aerobic chemoheterotroph' -in order to 377 control for the vast genetic diversity of traits in mixed microbial communities. It is likely that 378 within the SAR86 pangenome there is ecological differentiation within this category that, for 379 example, could lead closely related phylotypes of SAR86 that belong to different ecotypes to 380 utilize different substrates [33, 39, 40] . This hypothesis is supported by the functional enrichment 381 across our clusters and the differential enrichment of carbohydrate utilizing enzymes ( SI Fig 8) . values, and the Mann-Whitney P value for significance of cluster enrichment, for each cluster. 579 580 581
